Sigma factors, often in conjunction with other transcription factors, regulate gene expression in prokaryotes at the transcriptional level. Specific transcription factors tend to co-occur with specific sigma factors. To predict new members of the transcription factor regulon, we applied Bayes rule to combine the Bayesian probability of sigma factor prediction calculated from microarray data and the sigma factor binding sequence motif, the motif score of the transcription factor associated with the sigma factor, the empirically determined distance between the transcription start site to the cis-regulatory region, and the tendency for specific sigma factors and transcription factors to co-occur. By combining these information sources, we improve the accuracy of predicting regulation by transcription factors, and also confirm the sigma factor prediction. We applied our proposed method to all genes in Bacillus subtilis to find currently unknown gene regulations by transcription factors and sigma factors.
Introduction
In recent years, the genomes of more than one hundred bacteria have been sequenced and the respective coding regions have been found. Inferring the regulatory mechanism of those genes remains a difficult problem. For understanding the regulatory system on a genome-wide scale, gene expression data have been accumulated in microarray experiments for several organisms under various experimental conditions. Due to the complexity of the regulatory network and limits on the experimental accuracy, it is difficult to predict reliably which transcription factor (TF) regulates which genes.
One of the promising methods to predict regulation is supervised learning. However, it is powerful only if a sufficiently large training set is avail-
Method
To construct a suitable score function, we applied Bayesian statistics to combine the Bayesian probability of sigma factor prediction calculated from the microarray data and binding motif, 2 the Position Specific Score Matrix (PSSM) of the binding motif of the TF associated with the sigma factor, and the empirically determined distance between the transcription start site to the cis-regulatory region. We used the sigma factor predictions 2 to find the transcription start site and to determine which TFs may be expected to co-regulate the gene.
Sigma factor prediction
Previously, our group predicted gene regulation by sigma factors using the information of sigma factor binding motif and microarray data. 2 We extend this prediction to the full B. subtilis genome and to all sigma factors with known regulated genes, allowing genes to be regulated by more than one sigma factor. From this prediction, we find the Bayesian prior probability P prior (σ = σ N ) that a gene is regulated by σ N , where
Combining sigma factors and transcription factors
Specific TFs tend to occur with specific sigma factors, as shown in Table 1. In addition to four knowns gene, one more gene was predicted as an enhancer for SigL-regulated genes by our Pfam seach (PF00309) 7 . SigL Degradative enzymes AcoR(1) BkdR(1) LevR(1) RocR(3) * The number in parentheses is the number of genes known to be regulated by each combination of sigma factor and TF. Genes whose sigma factor is unknown experimentally were assigned to the SigA regulon, which contains 90% of the B.subtilis genes 10 .
From Table 1 , we can estimate the probability that a gene is co-regulated by transcription factor T i , given regulation by sigma factor σ N :
Some combinations of sigma factor and TF may exist that have not yet been found experimentally. To allow for this possibility, we add a pseudocount √ # genes regulated by T i , where k is the number of TFs under consideration, to the numerator, and √ # genes regulated by T i to the denominator. Note that i runs from 0 to k, where 0 corresponds to a currently unknown transcription factor.
Motif search
The motif sequences can be described statistically by a position specific score matrix (PSSM) W r,b for each TF. 8 This matrix is the log-odds score of finding a nucleotide b at position r in the binding sequence motif of TF. The log-likelihood that a transcription factor T i binds a subsequence S i of the sequence S upstream of a gene is then
where R is the length of the motif. The PSSM was calculated from the known binding motifs of the genes in the regulon of each TF, as listed in the DBTBS database. For the matrix calculation based on n known binding sites, we added √ n pseudocounts, 8 using a non-coding region background probability of 0.3185 for A and T, and 0.1815 for C and G.
Relative distance from transcription start site to TF binding site
Using the DBTBS data, we estimated the probability density distribution f dist (D i ) of the distance D i from the transcription start site to the binding site of transcription factor T i , measured in base pairs, using a kernel density estimation based on Gaussian kernels. 9 Positive regulators tend to bind in front of the transcription start site, while negative regulators bind at or downstream of the transcription start site. About half of TFs we consider are dual purpose regulators, which regulate some genes positively and others negatively. Those dual TF binding sites are located over a wider range than single regulators. As Figure 1 shows, the graph for positive regulators (ComA) and negative regulators (Fur) each have two peaks. The lower peaks correspond to TFs having two or more binding sites.
Combining sigma factor and transcription factor prediction
The joint probability that a gene is regulated by transcription factor T i , i ∈ 1..k and sigma factor σ N is denoted by P (σ = σ N , T = T i ). Here, T 0 corresponds to an unknown TF. For deriving the posterior joint probability, we combined the following three elements: the prior joint probability
, the maximum PSSM score in each promoter sequence M i calculated for T i , and the distance D i between the transcription start site and the predicted TF binding site. M i and D i are calculated from the sequence region S upstream of the gene. The Bayesian posterior probability that a gene is regulated by sigma factor σ N and transcription factor T i , given the upstream sequence S, can be calculated as
where in the denominator U is summed over sigma factors A, B, D, E, F, G, H, K, L, X, and W. The prior probability
is the conditional probability that an upstream sequence S is generated, given that σ N and T i regulate the gene. The upstream sequence S consists of the binding site S i , described by the PSSM, and the remaining sequence S\S i . We can then decompose P (S|σ = σ N , T = T i ) into three parts:
The third factor is the probability that S i is generated at a distance D i from the transcription start site (Section 2.4). Here, the predicted position of the transcription start site depends on the sigma factor σ N , as described previously.
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Dividing by the background probability yields
where M i is the maximum value of the PSSM score for transcription factor T i over the upstream region S. For an unknown transcription factor (T = T 0 ), however, this ratio is equal to unity. Note that for f dist (D i ) uniform, this reduces to e Mi /D max , where D max is the size of the upstream region S that we search. This then corresponds to the Bonferoni correction for multiple comparisons.
By combining these equations, we find the following expression for the posterior probability:
where we defined the score functions
while we drop the last two terms if i = 0. For genes that have more than two binding sites for the same transcription factor T i , we add terms
Example calculation
We calculated the Bayesian posterior probability in Eq. (6) that the gene rocA is regulated by each sigma factor and by one of the TFs AcoR, BkdR, LevR, RocR, or on unknown TF. Table 2 shows that the (SigL, RocR) combination is by far the most likely. From biological experiments, rocA is known to be regulated by SigL and RocR, which serves as the transcriptional activator of arginine utilization operons.
Validation

The sigma factor prediction aids in the TF prediction
To verify the validity of combining the TF prediction with the sigma factor prediction, we examined the contribution of each term in Eq. (7). To assess the effect of using the sigma factor prediction for the TF prediction, we compare the two scores M i + lnP (T = T i |σ = σ N ) and M i ( Table 3 ). The negative dataset consists of genes regulated by sigma factors whose regulons do not contain any genes that are known to be regulated by the TF. The positive dataset are the genes known to be regulated by the TF. The specificity is given by T P/(T P + F P ) and the sensitivity is given by T P/(T P + F N ), where TP is true positive, FP is false positive, and FN is false negative.
Furthermore, the predicted sigma factor binding site P prior (σ = σ N ) in Eq. (7) allows us to search for the TF motif nearby on the genome, as represented by the term in f dist (D i ) in Eq. (7). We show the effect of including this term in Table 4 .
As shown in these tables, both the sigma factor information and the transcription start sites greatly improve the specificity and the sensitivity of the TF prediction. The biological knowledge that specific sigma factors and TFs tend to co-occur is particularly informative, as shown in Table 3 .
The TF prediction aids in the sigma factor prediction
We calculate the posterior probability that a gene is regulated by a specific sigma factor by summing Eq. (6) over T i . As shown in Table 5 , this posterior probability is more accurate than the prior probability in predicting sigma factors. While the prior probability already gives a very accurate prediction of sigma factor regulation, the accuracy of the posterior probability is even higher. We note that for unknown genes, the sigma factor prediction may be less accurate due to uncertainties in the operon structure.
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Table 2. Probability that rocA is regulated by various combinations of a sigma factor and TF. Table 3 . The effect of sigma factor information on the TF prediction. 
Result
We applied our proposed method to jointly predict sigma factor and TFs for all genes in B. subtilis in order to find currently unknown gene regulations. Table 6 shows some predicted combinations for which a high posterior probability was found. For many proteins, the function is presently unknown. The sigma/TF prediction can suggest the cellular function of those proteins. CcpA is one of the global repressor of the carbon catabolite repressors which bind to CRE site (TGWAANCGGNTNWCA) 10 . Our prediction shows that CcpA acts on some genes related to sugar metabolism (sacP, fruR, yojA) and dehydrogenase (yrbE), which is consistent with the known function of CcpA.
The sporulation genes, spoIIP and spoIID are known to be regulated by SigE. Both genes are required for complete dissolution of the asymmetric septum cell wall. We found the SpoIIID binding motif at +18 and +3 for spoIIP and at +24 for spoIID. From the location of the binding site, we infer that those genes might be negatively regulated. For the SigE-dependent asparagine synthetase gene yisO, we found three SpoIIID binding sites in the promoter region.
GerE is a transcriptional regulator required for the expression of late spore coat genes. It is predicted to regulate membrane phospholipid cardiolipin (ywjE) and permease (yecA). Since in addition it is known that GerE regulates N-acetylmuramoyl-L-alanine amidase, we expect the prediction for ytkC, which is similar to autolytic amidase, to be correct.
In E.coli, 17 operons are known to be regulated by SigL 12 . In B. subtilis, only six operons are known to be regulated by SigL. Whereas we may expect currently unknown SigL-regulated genes to exist in B. subtilis, our result suggests that there are few additional SigL regulated genes in the B. subtilis genome.
Discussion
Our result shows that the joint prediction of TFs is a powerful way both to confirm the sigma prediction and to predict new members of the TF regulon. As the joint prediction of sigma factors and TFs is a supervised learning method, it can make better use of known biological facts than unsupervised methods. This method can also detect genes regulated by two or more different sigma factors. For example, spoIVCB is initially transcribed under the direction of SigE acting in conjunction with SpoIIID. Later in sporulation, SigK-mediated transcription of spoIVCB is repressed by GerE. In our method, we can calculate the probability that spoIVCB is regulated by SigK with GerE and by SigE with SpoIIID separately. This method can also be applied to other organisms such as E.coli, cyanobacteria and yeast, for which some regulatory relations are known.
